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1. A generative approach (top-down approach)
The main concept of a generative approach is an effort to fit a predefined human model
into image data.

Pseudo code of a generative approach

Foriiz =1 to N

Forio =1 to N

Fori,, =1 to N
Measure Similarity by an image observation

End

\

End

4

End

Big-O of a generative approach is O(N™) where N is the number of samples for each
body part and m is the number of the body parts.

2. A part-based approach

The main concept is considering each body part separately and the solution of each
part is combined into the global solution. The algorithm will first send messages from
all leaf nodes to its adjacent node and then will continue sending messages up to the
root.

Pseudo code of a part-based approach for each segment in one iteration

Fork=1 to m
Fori =1 to N (samples of node k)
For j =1 to N (sample of parent node k)
Compute messages (both from i to j and from j to i)
End
Compute Marginal probability
End
End

Big-O of a part-based approach is O(mN2T) [29, 108] where N is the number of
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samples for each body part, m is the number of the body parts and T is the number of
iterations needed for convergence.

3. Optimal solution by MHT concept
In our approach, each joint can have upto two possible solutions. There are 2™ possible

configurations where m is the number of the body parts.

Optimal solution by MHT concept

Fori=1 to k
Forj=1 to 2™
Compute smoothness function
End
L
End *

After smoothness computation, such smoothness values are ordered for selection of the
k solutions. Big-O of optimal solution by MHT concept for & solutions is O(2™k log(2™k))
where m is the number of the body parts.



APPENDIX B
PUBLICATIONS (INTERNATIONAL CONFERENCE)
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ABSTRACT

In this paper, we focus on tracking human head in cluttered

background. We use particle filtering with Snake algorithm.

A so-called weighted-gradient image is introduced and
supplied to Snake fitting. It gives more weights to moving
object boundary obtained from a background subtraction
technique and can redyce incorrect matching due to object
texture and spurious edges. Experimental results showed
robust tracking of human head in cluttered background.
The approach is currently limited to a fixed camera
platform; however, it can be applied to an active platform
by replacing background subtraction with an optical flow
method.

1. INTRODUCTION

Tracking has attracted much attention to researchers in
computer vision. It is used to find locations of objects in
image sequences. It is very useful in many applications,
e.g. visual surveillance, facial animation, faces recognition
and human-computer interaction. Various methods have
been proposed for visual tracking in the past several years.
Blob tracking [1] is a basic method directly derived from
Radar tracking. It normally uses the result from
background subtraction [1] as measurement to the tracker.
Once the regions have been detected, they are supplied as
detected objects to the tracker [1]. Optical flow is a
tracking method which detects and tracks change of areas
[2]. The areas are usually grouped into objects using
motion segmentation. For feature tracking, it deals with
detecting and matching features such as edges lines or
corners [3]. Similar to the optical flow technique, the
features are grouped into objects by motion segmentation.
Model-based tracking uses objects models e.g. contour
model [4-5] or appearance model [6] to find objects in
images. The tracker is responsible for providing good
initial seeds for the search.

In this paper, we focus on tracking human head in cluttered
background. Accurate tracking of body parts is normally
performed by contour tracking, since it can identify parts
of object during the tracking process. Snake is widely used
for object shape modeling and tracking. It is selected in our
proposed method, as it does not require training process.
However, contour tracking in cluttered background still has
problem due to object texture and spurious edges.

1.1 Previous Work

There are several existing approaches to contour tracking.
Deformable template approach [7-8] involves finding a
model for the contours of the object to be tracked, and
matching this representation in successive images from the
video stream. Active contours were first introduced by
Kass et al. in 1988, with a model called Snake [4]. It
considers curves within image that can move under the
influence forces within the curve itself and external force
derived from image data. There are several papers which
present Kalman trackers; ones of the most well-known are
Blake et al. [9] and Brockett and Blake [10]. The key idea
of the Kalman tracker is the same as that of the general
Kalman filter. In particular, it requires a learned linear
stochastic dynamical model which describes the evolution
of the contour to be tracked. Assuming that the observation
of the contour is corrupted by Gaussian noise, the
conditional density of the contour given all past
observations may be found, and then used to estimate the
contour position. The condensation tracker, as outlined in
Blake and Isard [11], is similar to the Kalman tracker, in
that it assumes that a dynamical model describing contour
motion is known, and that uncertain observations are made.
However, it is more general: neither the dynamical system
nor the observation process need be linear.

By employing multiple hypotheses together with a model
of system dynamic of particle filtering, the method can
track objects more reliably in cluttered background. Many
researches apply the particle filter in tracking. Xu and Li
[12] proposed a particle filter with both color and shape
models for tracking human head with an ellipse model.
Since the model does not accurately describe the contour of
the object, to make the gradient estimate more useful in
case of the inaccurate modeling, the gradient at pixel is
established as the maximum gradient by a local search
along a normal direction. Shen et al. [13] proposed a
particle filter on an active contour. It can be used to track
boundary of a complex cell. However, it still has problem
due to spurious edges when applied to human head
tracking in cluttered background. Figure 1 shows results
from tracking in cluttered background. The results made
incorrect tracking due to spurious gradient. Our approach
introduces weighted-gradient map to solve the problem.
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Figure 1 Sample results from sequence in cluttered
background

1.2 Motivation

Recently, many visual tracking algorithms have been
developed but reliable tracking in cluttered background is
still a difficult problem. In this paper, we focus on the
above-mentioned problem, ie. existence of noise and
spurious edges due to cluttered background. We use
background subtraction for segmentation of moving
objects and create a so-called weight map. Since correct
object boundary is normally obtained from the moving
object mask, the gradient along the mask should be given
priority. The weight map is then applied to external energy
computation of Snake algorithm. It gives more weights to
moving object boundary and should be able to reduce

incorrect matching due to object texture and spurious edges.

Although, the mask of moving objects may not be correct
due to imperfection of background subtraction, generally
the weight map tends to give more weights to correct
moving object boundaries.

The paper is organized as follows. After the general
introduction, motivation and previous work are presented
in this section. Our proposed method is described in
Section 2. In Section 3, we present some experimental
results. Finally, conclusion and future work are discussed
in Section 4.

2. PROPOSED METHOD

The outline of our approach is shown in Figure 2. Firstly,
the background subtraction is used to segment moving
objects from static background. The’ binary foreground
mask obtained from the method is then used to calculate
the weight map. The weight map is applied to energy
minimization of Snake algorithm. The particle filter

provides initial seeds for Snake and the energy of Snake is
used in the measurement process of particle filtering,
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Figure 2 Flowchart of the contour tracking in cluttered
background, (SIS — Sequence importance sampling)

2.1 Background Subtraction

Background subtraction is a process of subtracting the
current image from the reference image to obtain moving
objects. Our approach uses mixture of Gaussian
distributions, in which the threshold is set to have more
false positives than false negatives [1].

2.2 Weight Map Computation

The foreground mask from background subtraction is used
in weight map computation. Boundary of object is
extracted and Gaussian filter (of size 5 and o of 2) is
applied. The weight map is obtained and is applied to
energy of Snake.

2.3 Snake Algorithm

Snake is an edge-based model widely used for object shape
modeling and tracking. It is simple and does not require
training process. A general Snake is in a curve form
x(s)=[x(s),y(s)],s €[0,1], which moves through the
spatial domain of an image to minimize the energy
function

= J:%(“'x'(sﬂz +B1 X (5))+ E,,, (x(s))ds (1)

where « and /3 are weighting parameters that control the
Snake’s tension and rigidity, respectively. X (s) and
X () denote first and second derivatives of  Xx(s) with
respect to s . The external energy function E,, is

derived from weighted-gradient image which is the
multiplication of gradient image to the weight map,
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where V is the gradient operator and W is the weight map.
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Figure 3 The process of weight map computation (a) Image
with moving object, (b) Binary foreground mask, (c)
Boundary of objects, (d) Weight map

This gives more weights to pixels close to object boundary
while external energy of background and object interior is
reduced. By applying the method, incorrect matching due
to object texture and spurious edges decreases significantly.
The result from weight map computation is shown in

Figure 3.

However, the initial contour should be close to the true
boundary; otherwise, it will likely converge to wrong result.
This initial contour is provided by the particle filtering.

Figure 4 (a) Gradient rmoge (b) Welghted gradrent image
2.4 Particle Filtering

The particle filtering algorithm is introduced to solve non
Gaussian noise and nonlinear contour tracking problem in
image sequences [6]. It estimates current state from
previous time steps and current measurement. In the
approach to dynamic state estimation, the tracker attempts
to construct posterior probability density function (pdf) of
the state by a set of random samples with associated
weights and to compute estimates based on these samples
and weights. Since this pdf embodies all available statistics,
it may be said to be the complete solution to the estimation
problem. The probabilistic tracking composes of two
phases: Prediction and Updating. The prediction step uses

the system model to predict the state pdf ahead from one
measurement time to the next. In updating state, the state
from prediction step is updated by the latest measurement
data.

The key idea of particle filtering is the approximation of
the posterior density function p(s, |z,) by a set of
{rles correlation weights,
{S(' O |j=1, 2 N} where s is a sample of the
state vector the mma]nzatron of Snake, w() the
corresponding weight, and Z, the observation vector.
Each sample s represents one hypothetical state of Snake
initialization with a corresponding discrete sampling
probability w where ZN w' =1 . The particle filter
generates samples for the nitialization of Snake algorithm
based on prior result from previous images. The probability
of each sample (or particle) is computed from energy of
Snake. It is specified by a Gaussian distribution with
variance o7,
Ener
w__ 1 e—(ﬁ)‘ A)

where W is the corresponding weight, ¢ standard
deviation and Energy is energy from Snake. The position of

the object is estimated at each time step by

E= argmaxp(s |z,)~ argmax w” ()
s0i=1,2,3,. .N

where E is the position estimate of the object, s() the
sample of the state vector and w? the correspondmg

weight.
3. EXPERIMENTS

To evaluate the performance of our proposed method, we
tested our method to image sequences with simple and
cluttered backgrounds. The experiments were conducted on
176x144 RGB image sequences. Figure 5 shows
performance of tracking in a simple sequence, while Figure
6 shows tracking performance under relative cluttered
background.

Figure 5 Sample results from simple sequence
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Figur 6 Sample results from quence with cluttered
background

From experimental results, it can be seen that the
application of weight map produces the best results. The
approach has great influences on adjustment of the energy
landscape of Snake in cluttered background. It gives more
weights to moving object boundary so it can be able to
reduce incorrect matching due to object texture and
cluttered background.

The error of distance per control point is shown in Table 1.
It shows comparison of errors in tracking using plain Snake
and Snake with weighted-gradient image in simple
sequence and cluttered background sequences.

Method Simple Cluttered
Background | Background

Snake 2.596 23.153

Snake

on weighted-gradient image 0.896 1.595

Tablel. Errors of distances (per control point) between
Snake and Snake on weighted-gradient image

Nevertheless, problem of local minima still affects our
method in a certain degree. An example of the problem is
shown in Figure 7. To solve this problem, we introduce a
lower limit for percentage of Snake model matching to our
approach. This acts as a constraint to the energy
minimization and the result can be seen in Figure 8.

Figure 8 Results after an introduction of lower limit for
percentage of Snake model matching constraint

4. CONCLUSION AND FUTURE WORK

In this paper, we propose a contour tracking technique in
cluttered background by applying weight map to energy
minimization of Snake. In cluttered background, it gives
more weights to pixels close to boundaries of moving
objects. Although, the masks of moving objects may not be
correct due to imperfection of background subtraction,
generally the weight map tends to give more weights to
correct moving object boundaries. This reduces incorrect
matching due to object texture and spurious edges. This
approach performs much better than previous contour
tracking techniques.

However, the approach is currently limited to a fixed
camera platform. For an active platform, our approach can
be extended by replacing the background subtraction with
an optical flow method. Future work also includes an
investigation of the tracking in case of multiple objects.
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Abstract: A novel masker-less based method to track a 2D artic-
ulated body under self-occlusion and ambiguity in monocular image
sequences is proposed. The proposed method applies SMC to both
color and motion features. We employ a self-updated binary occlu-
sion mask to increase accuracy in tracking. To alleviate the effect of
illumination, each color body part is formed by a Gaussian mixture
model in HS space, and the distribution intersection is used in distance
measures of two probability distributions. Moreover, a motion cue is
used to prune spurious solutions. Our technique can track the target
reliably, especially in occlusion and ambiguous cases.
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1 Introduction

Tracking human body parts or poses has attracted the attention of many
computer vision researchers. A number of algorithms have been proposed
to address human body pose tracking, and one of the initial approaches
was based on image-based approach. These approaches often fail under self-
occlusion, where multiple human body parts occupy the same region of the
input image. Moreover, several approaches generally suffer incorrect tracking
due to ambiguity problems, since some symmetric body parts such as arms
and legs normally have a similar appearance. Solving the self-occlusion and
ambiguity problems is the focus of our paper.

1.1 Previous work

To deal with the self-occlusion and ambiguity problems, a number of ap-
proaches utilize multiple cameras [1]. The main drawback of these approaches
is the camera system setup. Several approaches focus on using strong prior
knowledge of body poses; however, these are limited to normal poses in known
activities such as walking [2] or aerobics [3]. Some approaches apply a binary
occlusion mask to resolve the self-occlusion problem [4][5]. Such approaches
require an assumption that the order of the limbs is known a priori. Some
approaches use detected part candidates to help estimate postures approxi-
mately, even under self-occlusion [6]. Alternatively, some researches [2] form
a human model using a collection of trees instead of a single tree [1]. The con-
figuration of each tree can be obtained sequentially. Like the binary occlusion
mask approach, these approaches require knowledge of limb order.

2 Proposed method

The main concept of our approach is to apply a binary occlusion mask and to
decompose a human model into several subtrees to resolve the self-occlusion
problem. Additionally, we combine both spatial and temporal information
in the observation computation to deal with ambiguity problems. Firstly, an
order of human body parts is determined for hierarchical tracking. Then the
human body parts in the subtree closest to the camera are evaluated. The
next step involves a binary occlusion mask being generated from that solution
and then used in subsequent tracking of the other body parts according to
their orders.
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Fig. 1. (a) The collection of subtrees of an articulated
human body, (b)human body parts represented
in the model.

2.1 Human body model

Similar to [2], we model a 2D view of a human body as a collection of M
subtrees, which is denoted by T = {Tx|k = 1,2, ..., M}, where T} is the kt"
subtree. Each tree consists of hidden nodes and corresponding potentials, as
shown by the circles and rectangles, respectively, in Fig. 1(a). The human
body parts represented by the nodes in the model are shown in Fig. 1(b).
The hidden nodes are represented by X = {x;|li = 1,2,..., N}, where x; is
the body part. Each part consists of five states: (z,y) position, orientation,
width and length. A corresponding observation set is denoted by Z = {z;|i =
1,2,..., N}, where z; is the image observation node for the i body part. The
relationship between x; and z; is represented by the observation function

bi(xi,23).

2.2 Human body order determination

We base our method on the assumption that orientation of the human face
signifies the order of human body parts. To obtain the human facing, the
human head is first detected [7] and then the facial skin is extracted from the
head region [8]. A line separating the head region into two symmetrical parts
is formed. The facing is then assigned to the side that has the maximum per-
centage of detected facial areas. In case of non-overlapping region, the facing
is set to that obtained in the previous frame. A frame of a walking sequence
and detected skin regions are displayed in Fig. 2(a) and (b), respectively.
The head contour and separating line are shown in Fig. 2(c) in purple and
black, respectively. The overlapping region between head and skin is shown
in green in Fig. 2(c).

3 Tracking

The head position is obtained from Section 2.2, whilst the remaining parts
of the tree (torso, left arm, right arm, left leg and right leg) are individually
tracked based on their orders. It is based on hierarchical tracking, and we
apply a binary occlusion mask to alleviate detection of spurious features.
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Fig. 2. (a) input image, (b) human skin, (c¢) human fac-
ing, (d) binary occlusion mask before left arm
tracking, (e) binary occlusion mask after left arm
tracking, (f) kinematics constraint.

Our approach uses the Sequential Monte Carlo (SMC) method [10] to track
the human body. Each tree of the human model is considered a state space
in SMC. The key idea of SMC is the approximation of the posterior density
function p(s|z) by a set of samples (or particles) and correlation weight pair,
{s*,w'} ;i =1,2,..,N, where s’ is the i sample of the state vector, w’ its
corresponding weight, z the observation vector and N the number of subtrees.
The probability of each sample is computed from

; 1 _(-wim)? )
wt = e 20 5 1
V2mo?

where w is the corresponding weight of the i** sample, o the standard devia-
tion and wy ,, the observation value obtained by combining color and motion
distance measures. It can be computed from

wi)m = awi +(1- a)wfn. (2)

where wi, win are color appearance and motion scores, respectively. (The
scores are normalized to be between 0 and 1.) « is the weight of blending
between color and motion information. The sample with maximum weight is
selected to be the solution

§ = arg max p(x|z) = arg max whi=1,2,3,..,N. 3)
si 7

where § is the state estimate of the object, s* the sample of the state vector
and w® the corresponding weight. After tracking, the binary occlusion mask
is updated for tracking subsequent body parts. The binary occlusion masks
of before and after tracking the left arm are shown in Fig. 2(d) and (e),
respectively.

3.1 Sample generation

The concept of sample generation is to create appropriate candidates for
each joint position and evaluating them according to body-part model to
obtain the best solution. The samples are generated based on body-part
ratio of Leonardo Da Vinci’s anatomy concept, prior knowledge of potential
positions on thinning lines of detected body-part silhouette and of detected
skin regions, and estimated body-part order.
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Starting from neck and shoulder joints, an upside-down-T shape is fitted
on the head-separated line (see Fig. 2(c)) and samples are generated around
its end and intersection points. Position of the hand closer to camera is
estimated from potential end positions of the remaining thinning lines. For
elbow, samples are limited by a kinematics constraint on the line L,, as
depicted in Fig. 2(f). Its samples are generated around L . Another upside-
down T-shape is fixed using the neck joint and the estimated torso location.
Similarly, the samples of hip and abdomen are generated. Foot and knee
positions are generated similarly to those of the arm.

4 Observation function

Generally, the observation function is used to measure the observation likeli-
hood of the samples. A color feature is widely used in human tracking thank
to their robustness to rotation in depth, shape changing and scale chang-
ing. However, it suffers color changing over time due to changes in scene
illumination and visual angle. Another major problem is ambiguity due to
the similarity of limb features. To alleviate the above problems, we integrate
spatial and temporal information into the observation computation for color
and motion features. For the color feature, we use hue (H) and saturation (S)
components of the HSI space [9]. Lightness (I) is not used in the observation
function so that it is robust against global illumination changes. Each human
body is formed by a Gaussian mixture model m(s) based on HS components.

M
m(s) = > win(s; u', ). )

i=1
where 7(s; ¢, A*) denotes the ith Gaussian component with mean yf and
covariance Al w' is the it" mixing weight satisfying >, w® = 1. From
the color models of the sample m(s) and the template m(t), the similarity
measure is defined by the distribution intersection between the color model

of the sample and the template as

we = m(s) Nm(t). (5)

where w, is the color score. (A discrete approximation of the intersection is
implemented in our work.)

In motion feature, we also model the motion feature by a Gaussian to
represent the distribution of the distance between predicted point and sample.
The position of each body part is first predicted by a first-order motion and
then used to compare with positions of samples.

L & (6)
e 2Z,
V2mw?

where d is the distance between the positions of predicted and sampled po-
sitions, wy, the motion score and w the standard deviation.

Wm =
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5 Experiments

To evaluate the performance of our proposed method, we tested it on two
image sequences, namely, "walk straight” and ”walk in a circle”, containing
60 and 145 frames, respectively. Figs. 3(a) and (b) show the performance of
the two sequences. The right limbs are shown in purple, whilst the left limbs
are shown in green. The accuracy is evaluated from an averaged error distance
compared with manually labeled positions, as 2.03 and 2.35 pixels/joint in
"walk straight” and ”walk in a circle”, respectively.

{a)

)

Fig. 3. Some results using our approach (a) “walk
straight” (b) "walk in a circle”.

6 Conclusion

We propose a masker-less based approach to track the human body. The
proposed method applies SMC to both color and motion features. By em-
ploying a self-updated binary occlusion mask and a model of the observation
computation, the method can track objects reliably in cases of self-occlusion
and ambiguity. The measurement is based on a color cue modeled by the
Gaussian mixture model in HS space, and the distribution intersection is
used in distance measures of two probability distributions. To increase the
performance of tracking in cases of ambiguity, a motion cue is used to prune
spurious solutions. From our experiments, our proposed method performed
very well, especially in occlusion and ambiguous cases.
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Efficient Human Body Tracking by Quick Shift Belief Propagation

Kittiya KHONGKRAPHAN', Nonmember and Pakorn KAEWTRAKULPONG '™, Member

SUMMARY  We propose a novel and efficient approach for tracking 2D
articulated human body parts. In our approach, the human body is modeled
by a graphical model where each part is represented by a node and the re-
lationship between a pair of adjacent parts is indicated by an edge in the
graph. Various approaches have been proposed to solve such problems,
but efficiency is s€ill a vital problem. We present a new Quick Shift Be-
lief Propagation (QSBP) based approach which benefits from Quick Shift,
a simple and efficient mode seeking method, in a part based belief propa-
gation model. The unique aspect of this model is its ability to efficiently
discover modes of the underlying marginal probability distribution while
preserving the accuracy. This gives QSBP a significant advantage over ap-
proaches like Belief Propagation (BP) and Mean Shift Belief Propagation
(MSBP). Moreover, we demonstrate the use of QSBP with an action based
model; this provides additional ad ges of handling self-occlusion and
further reducing the search space. We present qualitative and quantitative
analysis of the proposed approach with encouraging results.

key words: human body tracking, belief propagation, quick shift

1. Introduction

Tracking human body parts or body pose has recently
attracted increased attention from computer vision re-
searchers. These approaches typically focus on the body
parts in more detail than tracking human location as a whole.
This is an important problem to solve because it can serve as
a front end for higher-level processes to understand human
activities in several applications, such as human-computer
interaction, virtual reality, and character animation. A num-
ber of algorithms have been proposed to address human
body pose tracking. One of the initial approaches was based
on the use of markers; however, this method requires a great
deal of user intervention. The system using markers is un-
comfortable in many applications due to the use of special
equipment which must be installed on the body. On the other
hand, the marker-less system can run without special equip-
ment.

Among the marker-less methods, several researchers
turn to image-based approaches. In the image-based tech-
niques, features from image (s) are served as its input to es-
timate human pose. There are two main approaches: dis-
criminative and generative approaches. In the discrimina-
tive approach (or bottom up approach), candidate body parts
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are first extracted from the image and then used to generate
possible configurations of human body. The performance of
this approach is based on results of feature extraction since
it is used to represent body parts.

In the generative approach (or top down approach), hu-
man is normally modeled as a skeleton model and the main
concept is an effort to fit a predefined human model into im-
age data. A large number of projected samples are generated
and their similarity with respect to the input image is mea-
sured and compared. Such approaches are generally com-
putationally intensive because of the complex search over
the high dimension state space. The computational cost of
these approaches is O(N™), where N is the number of sam-
ples for each body part and m is the number of body parts.
Several approaches have been proposed to reduce the com-
putation load. Constraints are normally introduced to limit
the search space for some specific applications, e.g. walking
parallel to a plane [1] or golf swing movements [2]. Motion
models and prior knowledge are also employed to predict
the state space trajectory or to reduce the search space [1].
Lee et al. [3] detected some body parts separately and used
them to update subsets of the state space. Alternative ap-
proaches attempted to reduce the number of samples using
support vector machines [4], annealed particle filtering [5],
hybrid Monte Carlo filtering [6] and kernel particle filter-
ing [7].

Several researchers turned to part-based approach that
employs Bayesian inference concept to estimate human
pose. It has been popular due to reduction in computational
cost from O(N™) to O(mN?) [8]-[14]. In this approach, the
human body is represented by a graphical model where each
part is represented by a node and the relationship between
the adjacent parts is indicated by an edge of the graph. Each
body part is considered separately and then is combined into
the global solution later. However, the computational time
is still quite substantial, which limits its application from
real-time human body tracking. Various approaches[15],
[16] have been proposed to alleviate this problem, but effi-
ciency is still a vital problem. The high-dimensional space
is generally associated with exponential increase of compu-
tation time, and that is the motivation of our paper.

The main contribution of our paper is the introduction
of a novel method for fast tracking of articulated body while
maintaining high precision. The proposed QSBP model is
based on the key idea of efficiently refining the estimate
of the mode of marginal probability in each iteration of
belief propagation. This leads to the reduction in compu-

Copyright © 2011 The Institute of Electronics, Information and Communication Engineers
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tation time since it requires fewer iterations than MSBP
(Mean Shift Belief Propagation) [16] and require fewer sam-
ples than NBP (Non-parameter belief propagation)[17}—
[19],[26]-[29]. The samples only in the close proximity
of the current estimate of mode are used. We utilize Quick
Shift [20] for mode seeking method in each iteration to set
initial samples. In addition, we also demonstrate the use of
a model video, when possible; to further reduce the search
space for QSBP (Quick Shift Belief Propagation). Using
similar action based models have been shown to be use-
ful for addressing self-occlusion problem [21] as a motion
model.

The paper is organized as follows. After the general
introduction, related work is presented in this section. Our
proposed methpd is described in Sects.2 and 3. In Sect. 4,
we present some experimental results. Finally, the conclu-
sion is discussed in Sect. 5.

1.1 Related Work

The part-based is an approach that is more powerful than
others since it can reduce computational cost from O(N™) to
O(mN?). This approach represents parts of the human body
with a graphical model. The main idea is to pass messages
iteratively between adjacent nodes of the graph. Two popu-
lar techniques used to calculate the messages are the belief
propagation and mean field Monte Carlo methods [8]. Their
difference lies in the pattern of messages. Shen at el. [9]
compared and reported that belief propagation offered bet-
ter performance than that of mean field Monte Carlo.

The tracking is performed by generating a number of
candidate samples for each node and then calculating their
beliefs. The beliefs are computed from observation func-
tions and messages. Ramanan et al.[10],[11] proposed
2D human tracking by considering candidate parts first and
then combining those to find the optimal solution by Be-
lief Propagation (BP). Gao and Shi[12] detected human
faces and hands by color cues to guide the sample gener-
ation for face and hand parts in order to achieve better effi-
ciency in tracking. In some papers, both messages and be-
liefs (or marginal distributions) are represented by weighted
samples [13], [14], whereas several other researchers repre-
sented messages with a more complex continuous distribu-
tion such as mixtures of Gaussians [17]-[19] or NBP. The
samples in NBP are drawn by the Gibbs sampler for all itera-
tions, which leads to a huge increase in computational time.
To alleviate this problem of NBP, Han et al. [15] proposed
to approximate the mixture of Gaussians by mode propaga-
tion and kernel filtering. They report that their method is
80 times faster than BP for tracking a 2D articulated body
model; however, it is still far from adequate for real-time
tracking requirements. Park et al.[16] proposed MSBP.
They further reduce time complexity by computing only
samples that moves toward the best solution. It is 30-50
times faster in 2D state vector tracking, and 300 times faster
in 3D state vector tracking than BP.

To handle self-occlusion problem, some approaches
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utilize multiple cameras [5], [27]. The occlusion constraint
is proposed in likelihood computation [28). Wang and Mori
proposed occlusion and spatial constraints by representa-
tion of human with multiple tree models[30]. Some ap-
proaches make use of the prior 2D and/or 3D information
about the structure or kinematics of human body. Some
shape based [22], motion-based [4], [23], and a combination
of both approaches [24], [25] have been proposed in the lit-
erature. Their availability of large databases of shapes and
motion patterns increases robustness to viewpoint change.

However, tracking 2D articulated human body parts is
still a difficult problem with high computational cost. In this
paper, we focus on this problem. We introduce a novel and
efficient approach for tracking 2D articulated human body
parts. It extends the belief propagation by applying mode
seeking. As we will show in Sect.2.3, the computational
complexity of our proposed approach is approximately 36
and 99 times faster than those of MSBP and BP in case of
4-state (2D position plus body part length and angle) track-
ing. We also incorporate model video to limit our search
space and to enhance tracking accuracy especially in case of
occlusions.

1.2 Quick Shift

Quick Shift, proposed by Vedaldi and Soatto [20], is a sim-
ple and extremely efficient mode seeking method. Like
Mean Shift, Quick Shift is a local optimization algorithm.
Mean Shift can be regarded as a gradient ascent method [31]
while the Quick Shift does not require gradient information.
Quick Shift is a quick Euclidean version of medoid shift that
is guaranteed to converge for all starting locations [32].

In mode seeking techniques, it is started by defining the
multivariate kernel density estimate. Like these techniques,
Quick Shift also starts by computing the kernel density esti-
mate

1 M
fla)= ﬁ;«:(a-a.-), )

where a; is the i data point and a; € X = RY, ¢(a) is a
kernel function [32] (e.g. Gaussian) and M is the number of
data points. The main concept of Quick Shift is the iterative
movement of each mode estimate from its current position
to a new position which is the nearest neighbor with higher
probability until a mode is reached. The updated position of
data point a; at iteration k + 1 is computed by

yl_:-H =
1

argmin D(y¥,a;)
a,e(a, a;,...ay :P@,)>P(Y?) -

1 M
¥ 2 #Db.2), @

=

P(b)

where D(y;, a;) is the distance between current positions of
yf and data point a;, P(a;) is probability value of data point
a;. The mode seeking is repeated on {yf} until no further
change in labelling occurs and then the modes are obtained
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Fig.1  Probability surface and motion of data points toward mode value
of Quick Shift. Motion directions and data points are plotted by arrows and
dots, respectively.

as the set of unique locations
mode ={y}, 3)

where y! is the ﬁnalL position of y;.

All data points (initial values of mode estimates) move
toward a single mode as shown in Fig. 1. To balance under-
and over-fragmentation of the modes, a threshold parameter,
K, is introduced into Eq. (2)

)’f“ =

argmin DY, a;). @)
a,€(@,,8,,...a):P;(@))>P,01).D04 )<k

2. Proposed Method

At each frame, a silhouette of the human body is obtained by
a background subtraction. The silhouette as well as its orig-
inal image are served as the input in our tracking method.
The main concept of our approach is applying mode seeking
to reduce computational time. A model video concept [21]
is used for initializing the motion model in our proposed
method. The initial state is served as an initial configura-
tion for our QSBP. For the next step, samples are generated
around the initial state and their probabilities are measured
by belief propagation. Only the best solution of each node
is selected to be a part of the optimal pose solution. We ap-
plied Quick Shift with belief propagation for mode seeking
in each body part so that all samples (initial values of the
mode estimates) are not necessary moved to a single point.
In this sense, it reduces risks of getting into spurious so-
lutions which have highest probability. From our approach,
the modes are selected as initial samples in the next iteration
of belief propagation.

2.1 Human Model

‘We model a 2D view of a human body as a graphical model
with N hidden nodes and pair-wise potentials as shown in
Fig. 2 (a). The hidden nodes are represented by X = {x|i €
[1, N1}, where x; is the i body part consisting of 4 states,
i.e., position coordinate, orientation and length. A corre-
sponding observation set is denoted by Z = {zli € [1,N]},
where z; is the image observation node for the i body part.
The relationship between x; and z; is represented by an ob-
servation function ¢;(x;,z;). In addition, every pair of ad-
jacent body parts x; and x; (as defined by the structure), is
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(b)
Fig.2  The skeleton human model in our approach: (a) hidden nodes and
pair-wise relationship and (b) joints and segments.

connected and encoded by a potential function, ¥ ji(x;, x;).
Human body parts represented in the model are shown in
Fig. 2 (b).

2.2 Model Video

A model video[21] is utilized for initializing the motion
model in our approach. The main concept of the model
video is to estimate the joint locations in the test video au-
tomatically using two geometric constraints. Given the lo-
cations of joints in the model video and the first frame of
test video, the affine constraint is used to estimate initial po-
sitions based on invariance ratio between model video and
test video. Moreover, the epipolar constraint is used to re-
duce estimation error of different actors and view points in
the model and test videos.

One advantage of this work is the avoidance of error
propagation from frame to frame in the estimation process,
because each joint estimate is computed based on corre-
spondence between the first frame of the model and the test
videos. Another advantage is robustness to variations in an-
thropomeltry, execution rate, viewpoint and execution style.
Moreover, it is not computationally expensive and does not
require extensive training. We have found from empirical
studies that a good tracking performance can be obtained if
the model video gives an initial state within 1.5 times of the
grid size. Figure 3 (a) shows the input frame. The candidate
joints from the model video [21] are generated and overlaid
on the input image as displayed in Fig. 3 (b). The best match
with the silhouette is selected to be the initial samples as can
be seen in Fig. 3 (c).

2.3 Quick Shift Belief Propagation

The belief propagation algorithm is an iterative method to
infer the hidden state until it converges to the optimal solu-
tion. The marginal probability of x; at iteration n, p"(x;|Z)
can be computed by taking the product of incoming mes-
sages and local observations, as shown in Eq.(5). The in-
coming messages also contain prior knowledge of the node
obtained from the neighboring nodes, as shown in Eq. (6).

P'(Z) — agixi,z) | | nryixo. ®)
Jjer@
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(e)
Fig.3  QSBP tracking (a) input image, (b) predicted points from model
video, (c) initial configuration, (d) final tracking result, (e) error distance in
each iteration.

\

where x; and z; are the i hidden and corresponding observa-
tion nodes, respectively. ¢;(x;,z;) is the observation function
of node i. « is a normalizing factor. For graphical models
with continuous hidden state, m’j!,.(xi) is a message sent from
node j to i at iteration n and can be calculated by

m(x;) & f W ji(xi, ;)¢ (X, 2j)
X

[ i e (6)
keT()\i

where ¢ i(x;, X;) is the potential function between nodes i
and J, ¢;(x;,z;) is the observation function of node j and
T'(j)\i represents all the neighboring nodes of j except node
i

In our approach, we define parts of human body by
nodes of graph that the optimal hidden node is computed by
maximizing the marginal probability of each node given the
current observation. Instead of considering all the possible
states of our nodes, we work on a grid around initial sam-
ples (modes found in the previous iteration). A new discrete
grid is generated around the mode. The grid is 5x5x3x3
of 4 states (x, y positions, length and angle of body part).
The marginal probability of x;, p(x;|Z) can be computed by
taking the product of incoming messages and local observa-
tions, as shown in Eq. (5). The incoming messages also con-
tain prior knowledge of the node obtained from the neigh-
boring nodes. The message sent from node j to node i at
iteration n, m;!,.(x,-), can be calculated by

mi(x;) « Z [Ilf Ji(Xis X)) (%, 2;)

7|

[T m5'> j)]. ©)

keTGNi
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The message at the first iteration, m?,.(x,-), is defined to be
1. From the iterative concept of belief propagation, the best
solution is obtained in the final iteration by

x= argmax p"(siZ), (8)
Si€(s1,82,.,5n)

where N is the number of samples in the grid. Figure 3 (d)
shows the best solution in the final iteration of tracking and
Fig. 3 (e) illustrates error distance in each iteration of track-
ing using our approach. It can be seen that the error distance
is reduced until reaching the best solution.

2.4 Mode Seeking in Belief Propagation

In mode seeking, we use marginal probability of belief prop-
agation in movement of mode estimates. Only samples
around the modes are computed, not the entire surface of
belief propagation. This makes the convergence to an opti-
mal solution very fast and computation time is reduced. The
updated position of sample s; at iteration k + 1 of the mode
seeking is computed by

yi = arg min D(y}, s)), )
S,€(51,82....5x):PS;1Ly> PV Z).D(Y* S )<k

where D(yff, x;) is the distance between current positions of
yf and sample x; which is less than a distance threshold «
and P(x;|Z) is the marginal probability value of sample i.
From Quick Shift mode seeking concept, the position of y;
is updated until no further change in labelling occurs and
then modes of samples are obtained as a unique set

mode = (yl}, (10)

where y} is the final position of y;.

We find the mode of marginal probability by our ap-
proach which is faster than by MSBP [16]. Because moving
toward a mode of Quick Shift is based on the locally max-
imum probability value, while the Mean Shift is based on
weighted mean value. In this sense, the number of iterations
in moving of Quick Shift approach is less than that of Mean
Shift which makes its converge to the optimal solution much
faster than Mean Shift. Figures 4 (a) and (b) show conver-
gence to the optimal solution by QSBP and MSBP, respec-
tively. From these figures, each initial sample is plotted by
a solid square marker. The only grid members (plotted by
markers inside of a grid window) around the initial sample
are considered in moving toward a mode of the sample. The
new position of the mode estimate in each iteration until they
reach a mode are shown by a circle marker.

Main steps of proposed approach

1. Generate initial joint predictions from model video [21]
as shown in Fig. 3 (b).

2. Select the best match to be initial samples as shown in
Fig. 3 (c).

3. Tterate steps 4-7 until convergence.
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Fig.4 A comparison of moving toward a mode value by (a) Quick Shift,
and (b) Mean Shift.

4. Generate a local grid of samples around each initial
sample.
5. Compute message by Eq. (7).

i) — Y [w,-.-<x,-,x,-)¢,-(x,-,z,-)

X)

]_I m}:]?' (x j)] ;
kelGNi

6. Compute marginal probability using in Eq. (5).
P"(XiZ) « adi(xi,z;) I—[ mi(x;).

Jere
7. Seek mode using Quick Shift, set each mode as initial
sample for the next iteration.
8. Select the best solution as

x= argmax p"(xi|Z),
Xi€{X). X2, XN}

2.5 Observation Function and Potential Function

The observation function ¢;(x;, ;) is used to measure the
joint likelihood of z; and x;. In order.to measure the like-
lihood, each body part x; is modelled by a planar patch
and projected onto the input image, and then its likelihood
(or similarity) is computed. In this work, region overlap-
ping [3], [5] and RGB color are the features used for similar-
ity measurement. The region overlapping feature of node x;
is computed by
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w; = %(:Z—: + ’:;—:) ny = arg:nax Nip (11)
where n;, is the number of pixels in overlapping region be-
tween projected region of i” sample and the silhouette. Nip
is the number of pixels in the i projected region. This
measure is very simple and efficient; however, its reliability
reduces greatly in case of occlusion. This is because over-
lapped parts form a larger foreground region which provides
high values of this feature in several false locations.

In case of occlusion, we therefore switch to using a
more detailed color feature (Sect.3 explains how to detect
the beginning and the end of occlusion). For the color fea-
ture, each human body part is formed by a color histogram
based on RGB components. From the color models of the
node c(x;) and the template, f, the similarity measure is de-
fined by the histogram intersection between the color shape
matching model of the sample and the template as

n
W,'=Zijian, (12)

=

where cj; is the normalized number of pixels in the j” bin
of the i" node and ¢#; is the normalized number of pixels in
the j™ bin of template in RGB color histogram and n is the
number of bins in each histogram. The observation function
@i(xi, ;) of node x; is computed by

1 _aoag?
= )

where w; is the similarity of node x; obtained by Eq. (11) or
Eq. (12) and v is its standard deviation. For a low value of v,
a more weight is given to the appearance similarity.

The yji(xi,x;) potential function is used to show the
relationship between body parts i and j. We model the po-
tential function by a Gaussian to represent the distribution of
the Euclidean distance between the two adjacent body parts.

. 2

1 - m)ﬁ,x Y '
V2mo?
where x; is the i body part, ¥ ji(Xi»X;) is a potential func-
tion of body parts i and j, D(x;, X;) is the Euclidean distance
between the connected points of body parts i and j, and o
is its standard deviation. In the same way as v, o specifies
insensitivity to displacement of adjacent body parts.

i(xi, ;) =

Vji(xi, Xj) = (14)

3. Occlusion Handling

A common problem in human body tracking is self-
occlusion problem. To reduce the computational com-
plexity and handle self-occlusion problem of tracking in
our method, we used prediction information from a model
video [21] as the motion model. It is used for sample genera-
tion in the first iteration. We use two measures for detecting
start and end of self-occlusion as in [21]. The first mea-
surement is a;., which represents the area of the foreground

silhouette, corresponding to the j* segment in the ¢ frame.
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The second measure is 8%, which represents the proportion
of the detected segment j that is occluded by the other seg-
ments of the cardboard model. The condition for occlusion
is based on the normalized change over time ,

-1 i+1 i =1 i+ 1 i
=t Xj T i=/—rﬂ‘ -B;
J 4 J J
=T <T v -T
T Tﬁ;.

>T. (15)

where T is the percentage threshold and 7 is the number of
previous frames that are used to consider occlusion. Positive
T value signifies occlusion entering, while the negative T
value indicates occlusion termination.

4. Experiments

To evaluate {he performance of our proposed method, we
tested it on several videos and compared it with the BP and
MSBP methods in both simple and occlusion cases. We
tested our method on 6 sequences of UCF dataset, contain-
ing 400, 162, 400, 560, 500 and 500 frames. These videos
included aerobics style activities that were also used in [21].
Moreover, we experimented on 2 sequences of CMU dataset
(also used in [16]), containing 199 and 190 frames including
walking action in both front and side views. These videos
include both simple and self-occlusion cases. To present
qualitative and quantitative results, we compared our ap-
proach with [16]. Note that the joint locations were man-
ually initialized in the first frame, and then an RGB tem-
plate of each human part is automatically generated from
the initialized joint locations. The sample prediction was
then performed automatically for the remaining frames like
the method presented in [21].

In our experiments, we generated samples with a size
of 8,000 samples for BP, and a 5x5x3x3 grid for both
MSBP and QSBP, respectively. Those methods were run
until convergence (joint position movement is less than 2
pixels or 50 iterations are reached.) The threshold param-
eter in mode seeking of Quick Shift and the kernel size of
MSBP were chosen as half of the grid size. For occlusion
handling, we used 70 percentage in our experiments and the
number of pervious frames was chosen as 15 to consider oc-
clusion. The bin size of RGB histogram was 16x16x16. In
observation function, the standard derivation of observation
function and potential function were chosen as 0.4 and 3,
respectively.

‘We applied model video to the sample prediction in the
first iteration of belief propagation. The samples of model
video on UCF and CMU datasets are shown in Figs.5 (a)

Fig.5  The samples of model video (a) UCF dataset (b) CMU dataset.
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and (b), respectively. Samples of tracking results are dis-
played in Fig. 6. The figure shows samples of human model
fitting on 4 sequences. The fitting results of QSBP, BP and
MSBP approaches are shown in Figs. 6 (a), (b) and (c), re-

Fig.6  Some results of human body tracking by using model video in
sample prediction. Similar results from (a) Quick Shift belief propagation,
(b) Belief propagation and (c) Mean Shift propagation.
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Fig.7 A performance comparison between the proposed method and BP
and MSBP are shown by white, gray and black bars, respectively (a) Accu-
racy (b) Efficiency.

spectively. Since similar results among all methods were
obtained, only two results were included for BP and MSBP
in Figs. 6 (b) and (c). It can be seen that the model fits well
to the images for each approach. The results show that the
accuracy of QSBP is comparable to those of BP and MSBP
as illustrated in Fig. 7 (a). However, the computational time
of QSBP is significantly less than those of BP or MSBP
(Fig.7 (b)). In particular, for our case of 4-state (2D posi-
tion plus body part length and angle) tracking, our proposed
technique is respectively 36 and 99 times faster than those
of MSBP and BP. On average, the numbers of iterations to
get the best solution are 9, 30 and 42 for QSBP, MSBP and
BP, respectively. The 2D tracking results are compared with
ground truth which is manually obtained. The average dis-
tance errors from the corresponding ground truth are shown
in Fig.7 (a). It can be seen that all methods provide accu-
racy; however, our approach is far more efficiency than the
others as shown in Fig. 7 (b).

5. Conclusion

We propose a part-based tracking algorithm by integrating
Quick Shift, a simple and efficient mode seeking method,
into the belief propagation framework. The main idea is to
find the mode of marginal probability of belief propagation
to be used to predict points in the next iteration, and that
way only samples around modes are computed in each itera-
tion of belief propagation. Therefore, our proposed method
needs fewer samples than NBP or MSBP. In addition, it
converges to the best solution faster than the other meth-
ods. This approach can reduce the computational complex-
ity dramatically due to the reduction of search space while
preserving accuracy. In addition, we apply model video in
the first iteration of belief propagation for predicting and re-
solving occlusion problems. The method was experimented
on several videos and the results showed very good perfor-
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mance and robustness in both accuracy and efficiency.
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(PAPER

A novel reconstruction and tracking of 3D-articulated
human body from 2D point correspondences of

a monocular image sequence

Kittiya KHONGKRAPHAN!, Nonmember and Pakorn KAEWTRAKULPONG2), Member

SUMMARY A novel method is proposed to estimate the 3D
relative positions of an articulated body from point correspon-
dences in an uncalibrated monocular image. It is based on a
camera perspective model. Unlike previous approaches, our pro-
posed‘method does not require camera parameters or a manual
specification of the 3D pose at the first frame, nor does it require
the assumption that at least one predefined segment in every
frame is parallel to the image plane. Our work assumes a sim-
pler assumption, for example, the actor stands vertically parallel
to the image plane and not all of his/her joints lie on a plane
parallel to the image plane in the first frame. Input into our al-
gorithm consists of a topological skeleton model and 2D position
data on the joints of a human actor. By geometric constraint
of body parts in the skeleton model, 3D relative coordinates of
the model are obtained. This reconstruction from 2D to 3D is
an ill-posed problem due to non-uniqueness of solutions. There-
fore, we introduced a technique based on the concept of multiple
hypothesis tracking (MHT) with a motion-smoothness function
between consecutive frames to automatically find the optimal so-
lution for this ill-posed problem. Since reconstruction configura-
tions are obtained from our closed-form equation, our technique
is very efficient. Very accurate results were attained for both
synthesized and real-world image sequences. We also compared
our technique with both scaled-orthographic and existing per-
spective approaches. Our proposed method outperformed other
approaches, especially in scenes with strong perspective effects
and difficult poses.
key words: persp
MHT.

tive model, h kelet 8D tracking,

1. Introduction

The image reconstruction of 3D-articulated humans
has recently attracted increased attention from com-
puter vision researchers for applications such as human-
computer interaction, virtual reality and character an-
imation. A number of methods have been proposed
for estimating the 3D positions of a human body. The
simplest way is by using special equipment such as 3D
scanners; however, these systems are not only costly
but also inconvenient for many applications. Because

Manuscript received June 14, 2010.

Manuscript revised October 8, 2010.

Final manuscript received September 9, 9999.

tThe authors are with Department of Control System
and Instrumentation Engineering, King Mongkuts Univer-
sity of Technology Thonburi 126 Prachautid, Bangmod,
Toongkru, Bangkok ,Thailand ,10140

a) E-mail: pakorn.kae@kmutt.ac.th
DOI: 10.1587 /transinf.E0.D.1

of their limitations, a number of researchers have turned
to image-based approaches. In such approaches, the im-
age serves as input to estimate 3D human positioning.
According to the number of cameras, these models can
be divided into two main groups: multi-view and single
view. In the multi-view group, images captured from
multiple calibrated cameras are used to reconstruct a
3D human pose by minimizing a score computed from
fitting different pose configurations onto a 3D human
body model [1],[2]. The main drawback of this ap-
proach relates to camera system setup. An alternative
approach uses a monocular image to reconstruct a 3D-
articulated body.

In the single view group, a monocular image is used
in the reconstruction of a 3D human pose based on a
camera-model concept. This approach attempts to lift
2D data to construct a 3D model of a human pose,
normally formed as a skeleton model. The 2D joint
correspondence positions that serve as input are usu-
ally obtained by hand labeling (3], [5], (7], matching to
a marked image [8], or detecting from installed markers
[4]. Assumptions or prior knowledge about the human
pose or the imaging environment are normally made in
most research studies. For example, various assump-
tions were employed: that most human parts are close
to a plane parallel to the image plane [3], [7], [10], that
at least one predefined human part is parallel to the
image plane [12], [16], that root joint of human body
moves parallel to the image plane without Z direction
displacement [11] or that camera parameters are known
a priori (5], [15], [16].

Based on the perspective concept, this paper pro-
poses a novel method for estimating and tracking up-
to-scale 3D positions of an articulated body from point
correspondences in uncalibrated image sequences. We
address the reconstruction of the 3D body in cases of
strong perspective effects and arbitrarily complicated
poses. We assume a simpler pose, for example, that
a human stands vertically parallel to the image plane
and not all of his/her joints lie on a plane parallel to the
image plane in the first frame. Because we provide a
closed-form solution for 3D reconstruction, our method
is very efficient. This work also alleviates the problems
associated with the ill-posed reconstruction problem by
applying a technique based on the concept of multiple

Copyright (© 200x The Institute of Electronics, Information and Communication Engineers
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hypothesis tracking (MHT) in selecting the solution. It
is very efficient and can recover from the problem of se-
lecting false solutions in arbitrarily complicated poses.

This paper is organized as follows. Following this
initial introduction, Section 1 of this paper continues
with a presentation of previous approaches of 3D con-
struction using camera-based methods. Sections 2 and
3 describe our proposed 3D reconstruction and 3D body
tracking methods, respectively. In Section 4, we present
some experimental results. Finally, conclusions are
drawn in Section 5.

1.1 Previous 3D reconstruction methods
There are two state-of-the-art approaches in the

camera-model-based group, namely, scaled-orthographic
and ﬁerqu'ctive approaches. The scaled-orthographic

Fig.1 The scaled-orthographic camera model of two pairs of
corresponding points.

approach is a well-known technique proposed by Tay-
lor[7] and used widely in many research works [8]-[10].
It does not require knowledge of camera parameters.
In this approach, the basic assumption is that most hu-
man parts lie parallel to the image plane. The scaled-
orthographic model is shown in Figure 1. By assuming
that the actual length of a segment ab, Lgp, is known,
we can write

Lap? = (Xa— Xo)? + (Yo = ¥3)? + (Za — )2, (1)

where (X,,Ya,Z,) and (Xy,Ys, Zp) are real-world co-
ordinates of points a and b, respectively. The segment
is projected onto the image plane by a scaling factor,
s; therefore,

IEICE TRANS. INF. & SYST., VOL.Exx-D, NO.xx XXXX 200x

(z, — ) = 8(Xa — Xp)
(Yo — ) = 5(Ya—Yh), (2)

where (zl,y.) and (z},y;) are two corresponding
points, on the image plane, of points a and b, re-
spectively. By assuming that the actual point is pro-
jected perpendicularly to the reference plane, the rela-
tive depth between the two points is defined as

T 2+ ! — )2
dZ:(Za_Zb):\/LabZ_(za zb) = (ya yb) (3)

Because dZ cannot be complex,

o> V@ =7+ (o —4)*
. Ly

(4)

To obtain the most accurate 3D position from the
model, the optimal scaling factor is searched using a
comprehensive grid-based optimization. Once the real-
world depth of the first point, Z,, is defined, the depth
of the next point, Z, is computed using Eq. (1) and
Eq. (2). In the reconstruction of 3D articulated human
by the concept of this model, the corresponding points
on the image plane and the length of each segment are
assumed to be known a priori. This method is simple
to establish a 3D pose; however, it may not yield accu-
rate results. It is most suitable for telecentric cameras
used in most industrial inspection applications but not
for the perspective cameras found in general use. An
example of the error distance of the 3D reconstruction
from the scaled-orthographic model is shown in Fig-
ure 1. It is significantly increased with the perspective
cffects.

To overcome the limitations of the scaled-
orthographic approach, Remondino et al. proposed a
method based on a perspective concept [16]. In their
work, some camera parameters such as focal length
must be known a priori. Moreover, at least one pre-
defined segment is assumed to lie on a plane parallel to
the image plane. By assuming that the scaling factor
is 1—; where F is the principal distance (approximated
by the focal length of the lens). The relationships of
points on the real-world and the image plane can be
represented by

spXp = T}

(5)
where (Xq,Ys, Z,) and (Xs,Ys, Zp) are projected onto
the image plane at points (z},y,) and (z},y;) by the

scaling factors s, and sp, respectively. Assuming that
Lay and F are known,

zh Z, — Ty 7,
Lab2=( - aF Ll

/
56Ys = Yp,

Ay
po et (7, 7).
©

From the assumption that at least one segment lies on
a plane parallel to the image plane (Z, = Zy), Z value
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of that segment can be solved by
F Ln.b

Zy, = .
VhE = 200+ 2p? + 4? — 20 + 04

U]

After the depth of the joints on the image plane is
computed by Eq. (7), the depth of the next point
of the next segment can be computed using Eq. (6).
In general, this approach is more accurate than the
scaled-orthographic approach. However, the principle
length and the length of each segment are assumed to
be known a priori. This model also needs an assump-
tion that at least one predefined segment lies parallel
to the image plane. The latter assumption is difficult
to meet in most general image sequences.

he Taylor method [7] was initially designed for
the reconstruction of a single image. However, sev-
eral researchers [8] have extended the work to 3D re-
construction and tracking. Moreover, the lifting of 2D
correspondence to 3D model still provides non-unique
solutions. In their methods, the solution for the cur-
rent frame is sclected as the closest configuration to
the solution for the previous frame. From this sense, it
may diverge from the optimal configuration due to the
hard decision in selecting false solutions, especially in
arbitrarily complicated poses.

2. Our Proposed 3D Reconstruction

In our approach, the construction of the 3D body is per-
formed from known 2D correspondences based on a 3D
skeleton model. Since the relative 3D pose can be con-
structed at any scale, we therefore define a reference dis-
tance as a virtual distance (at the image plane) which
the root-node joint lies in the first frame. Firstly, the
length of each segment is determined and then the ref-
erence distance is computed for the first frame. These
parameters are used in the reconstruction of the 3D
body in the subsequent frames.

x Body parts | Relative length
J1 =1, Head 25T
* | Torso 2507
" \® | Shoulder 20T
X1 X5 Upper arm 1507
x11 x Lower arm 2.00T
Pelvic 1.50T
X4 Xi3 Uppcr leg 20T
Lower leg 200T

Fig.2 The 3D skeleton human model in our approach.

As shown in Figure 2, the 3D human skeleton in
our work is modeled by 15 joint points and 14 segments.
The joints are (in order): abdomen, neck, head, left
shoulder, right shoulder, left elbow, right elbow, left

wrist, right wrist, left hip, right hip, left knee, right
knee, left ankle and right ankle. The skeleton model
can be expressed by a tree structure with a root node.
Note that in our work, the abdomen joint is selected
as the root, since it is relatively more stable than other
joints. We also define a relative length of each part
based on concept of Leonardo Da Vinci [16], i.e. each
part is up to a scale T, as shown in Figure 2.

In case the human subject does not satisfy the Da
Vinci’s model, errors of segment lengths directly effect
the joint position computation, especially at the end
joints due to error accumulation. The severity depends
upon the degree of the mismatch. The error can be al-
leviated by considering corresponding symmetric parts
and introducing relaxation into the reconstruction.

2.1 Problem formulation

Our approach for the 3D reconstruction of a human
pose from known coordinates of a 2D-point correspon-
dence is based on a perspective camera concept, as
shown in Figure 3. The 2D points obtained from an
uncalibrated camera serve as input for our work.

z

Reference distance (R)

Fig.3 The perspective camera model of two pairs of corre-
sponding points.

In Figure 3, (X4, Ya, Zs) and (Xp, Ys, Zb) are real-
world coordinates of points a and b, respectively. v, =
(Za)Yas za) and vy = (Tb,Ys, 2b) are corresponding rel-
ative coordinates of the points a and b around the ref-
erence distance, respectively. By the word ”around the
reference distance”, we mean both 3D points are scaled
using the same magnification (I_Z-z) where Z is the real
world depth of the root node joint at the first frame and
R is the reference distance from the origin to the im-
age plane. (z},,y,) and (z},y;) are the respective image
coordinates of points a and b at the image plane. L,
and lqp are the lengths between points a and b in terms
of real-world distance and virtual distance around the
reference distance, respectively. The magnification of
a coordinate around the reference distance to the real-
world coordinate is represented by
Za _ Ya Za lub R

—fele_Ze_lw 2 (g

1
a X, Yo Z,
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From Figure 3, we can project the points v, and v onto
the image plane and obtain the following relationships:

To = 8% Xo=as.T, Tp =T, Xp = spTy

/ / / !

Yo =Sa¥a Yo =0QSaY, Yo =SbYp Yo =0SpYp

2e =8aR Z,=as,R 2zy=sR Zy=asR,
(9)

where s, and sy are scaling factors corresponding to the
ratios of points Z, and Zj to R, respectively.

v, and v, are up-to-scale coordinates of the cor-
responding 3D real-world coordinates. To estimate 3D
real-world coordinates, knowledge of either a 3D real-
world coordinate or an actual segment length is re-
quired by Eq. (9). However, up-to-scale coordinates are
a,deq(l'late in most character-pose-related applications.

2.2 Prop%)sed 3D reconstruction

In the construction of 3D relative coordinates of the
body, we can represent a human skeleton model as a
tree structure {v,E}. The nodes are represented by
v = {v;|i € [1,...,N]}, where v; is the 3D relative co-
ordinate of the it* joint, and N is the total number of
joints. The edge or connection between two end nodes
of a link is denoted by € € E, where E = {ea|a,b € v}.
The length of €45 is represented by lsp. Each joint is
projected onto the image plane by a scaling factor.

2.2.1 Determining reference distance

In our approach, the reference distance is required and
is determined in the first frame. We set an assumption
that a set of three known joints forming a right triangle
with only one leg lain on a plane parallel to the image
plane in the first frame. This can be easily achieved by
a human stands vertically parallel to the image plane
and not all of his/her joints lie on a plane parallel to the
image plane. An example of the human pose satisfying
the assumption is shown in Figurce 4. First, we find the
reference distance by considering a segment that is not
in a plane parallel to the image plane and denoted it by
€qr With length I, as shown in Figure 4. For segment
selection, a segment with right angle with respect to the
vertical axis of the human body is chosen. In Figure 4,
Up = (Zp,yp, zp)> Vg = (xqayquq) and v = (Zr, Yr, 2r)
are virtual coordinates of segment end points around
the reference distance. [, is parallel to the image plane
and can be determined using Euclidean distance of its
endpoint image coordinates. lq, is proportional to lpq
according to the Da Vinci’s ratio. For the reference
distance computation, the projected end points of the
link are used to obtain

2 ; 2
lgr® = (542 — 5r7})" + (5q¥y — $r))" + (sqR — s:R).

Hence, the reference distance can be described by
the following equation:

IEICE TRANS. INF. & SYST., VOL.Exx-D, NO.xx XXXX 200x

2
R— \/qu = (5q%4 = 5r2;)% — (Sq¥q — Sr¥y)? (10)

(89 —8r)?

where (z3,y;) and (z7,y;) are image coordinates of
points ¢ and r, respectively; s; and s, are the respec-
tive corresponding scaling factors of points ¢ and r; and
lgr is its length.

Reference planc

Fig.4 Initial posture in the first frame that two joints are not
in the same plane.

From Eq. (10), s, and s, must be calculated in the
determination of the reference distance. From the as-
sumption made in the first frame, the axis of the scaled
human body is set to lie on the image plane such that
scaling factors regarding the abdomen and neck joints
are set to unity. In the determination of image distance,
we select the link between the neck and the abdomen
joints as vector % and the link between the neck and
the left shoulder joints as vector ¥/. The scaling factor
of the abdomen and neck joints is 1 and @ is perpen-
dicular to ¥/, i.e., @. 7 = 0 (only required for the first
frame), and hence

T = (z, — =}, — Yy 0)
T = (spzl. — Ty, 8rYy — Ygr SR — R)
and
2 2
TpTy — T +YpYy ~Ya

ol ol ! ! finil T
Tply — TgZr + YpYr — Yq¥r

(11)

(Zps Yp» 2p)s (Tq» Yg» 2q) a0d (1, Yr, 2,) are the abdomen,
neck and left shoulder joints around the reference dis-
tance and are projected onto the image plane at points
(TpsYp)s (T4,yg) and (zr,y;) by scaling factor sy, s4
and s, respectively. By putting s; = 1 and s, ob-
tained from Eq. (11) back to Eq. (10), the reference
distance is determined.

2.2.2 Determining scaling factor of root-node
The position of the root segment is very important, be-

cause it is the starting point for the reconstruction of
the 3D body in our approach. From our assumption,
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the scaling factor of the root-node joint, s; is unity
at the first frame. However, it changes and, therefore,
requires computation for subsequence frames due to hu-
man motion. It is determined by a comprehensive grid-
based search with the constraint that its value cannot
be negative. We can also perform a faster search for
$; within a small range around s; of a previous frame.
The values satisfying 3D human pose based on a joint-
angle limitation constraint (Section 3.1) are selected as
s in the current frame.

2.2.3 Determining scaling factor of other nodes

For the reconstruction and track 3D relative positions
of articulated body, the scaling factor of each joint is
computed. Suppose s, is known from result of the pre-
viou$ computed segment, s can be determined by find-
ing intersection points between a sphere and a line. The
starting joint (S.Zh, Sa¥s, SeR) and length lqp of seg-
ment €, are served as the center and the radius of the
sphere, respectively. By assuming that, we can write

(zb — 8ah)* + (b — 8a¥l)? + (26 — SaR)* = 2. (12)

The line started from the origin (0,0,0) pointing in
the direction (z},%;,R) meets the sphere at point
(Tby Yy 26) = (86Tp S6Yp SbR)-

Since (z},y,) and (z},y;) are data points, R and
lap are computed from the first frame, only s, remains
to be calculated. We also perform the determination
for sk, k = 2,..., N sequentially using, s, obtained from
the result of the previous computed segment. By simple
manipulation, Eq. (12) becomes

(@2 + Y + R2)sp? — (28a7,7h + 25030 + 25aR7)sp
+(3a2z;2 + «‘Iazyzlz2 + sa.2R2 = labQ) =0.

Therefore,
—-B++B%2-4AC
§H=——, (13)
2A
where

A=z +y +R?

B = —(28,z,xh + 25aylyp + 2. R?)

C = 8,207 + 8,27 + 8,2 R? — 1>

It can be seen that the solutions are not unique.

This problem is inherent to all lift-up approaches. To
select the best configuration, some further assumptions,
e.g. that all joints lie on the same plane [7] are nor-
mally assumed. For our technique, we delay the selec-
tion of each best configuration of the first two frames

to the third frame. This makes our method even less
restricted.

3. Our Proposed 3D Body Tracking

After the first frame, 3D reconstruction can be more

conveniently performed using tracking. At each frame,
multiple configurations of 3D reconstructions are ob-
tained. To find the optimal solution, we applied a
joint angle limitation constraint in order to prune spu-
rious solutions and to avoid singularity. Moreover, we
employed a technique based on the concept of mul-
tiple hypothesis tracking (MHT) [13] with a motion-
smoothness function to select the best solution based
on temporal information.

3.1 The joint-angle limitation constraint

Multiple configurations per frame are obtained due to
non-uniqueness of the reconstruction. Some configu-
rations are singular or spurious solutions. To remove
some of these undesired configurations, we cmploy a
joint-angle limitation that limits arm and leg angles to
fall between 10 and 180 degrees, as shown in Figure 5.

hip
. shoulder
v knee
/
P, elbow ’/'
P 2 ankle
(2) (b)

Fig.5 Joint-angle limitation: (a) Arm (b) Leg.

3.2 Optimal solution selection by MHT

Even with the constraint specified, there are still a great
number of possible configurations left. Techniques us-
ing temporal information have been introduced to se-
lect the optimal solution in other works. Most of these
approaches [16] are based on choosing the closest con-
figuration from one frame to the next. This method
only maintains the solution for the last frame. It works
well in some simple poses but fails in a larger number
of cases; it can also lead to divergences due to an in-
correct decision in early frames. We therefore proposed
an efficient technique based on MHT to select the best
configuration at the current frame using the past tem-
poral information while still maintaining a number of
most-likely previous poses.

We define the temporal joint trajectory of a joint
as a time sequence of the distances from the 3D rela-
tive position of that particular joint to the coordinate
origin, i.e., the camera center. The smoothness of the
trajectory is used to evaluate the fitness of a hypothesis
instead of the hypothesis probability used in the origi-
nal study [13]. A polynomial function and least squares
method can be used to develop a motion model as well
as an estimator in the context of MHT. In our exper-
iment (not shown here), we found that a simple line
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connecting two previous frames of the joint sequence
was adequate and very efficient, and therefore, was used
it in our work. The details on the formulation of the
technique are described below.

At frame t, a pose configuration is denoted by 6;(t),
and the set of all possible configurations is represented
by {6:(t)}, i = 1,2,..., N;. From MHT concept, a hy-
pothesis at frame ¢, which is denoted by ©¢, is a pose
sequence and can be written as

6f = {67, : (O}, (14)

where 6:;(; is the parent pose sequence at frame t — 1
of ©. To determine the fitness of a hypothesis, the
smoothness of the trajectory is used and computed by
4
Ef =W\\(6;(t)) + E% (15)

m(i)’
where
N t pt t
Abi(t) = Z M (16)
j=1 Aajz +1

E! is the fitness of the pose sequence i at frame ¢,
and D ; is the distance from joint j of the configura~
tion i at frame ¢ to the origin. A} ; and B} ; are param-
eters of the line equation passing through the points
(t—2 ny‘-z) and (t — 1,D231), respectively. N is the
number of joints in the human body model.

The fitness value is calculated for each of the possi-
ble pose scquences in cach hypothesis of MHT. The fit-
ness values in each hypothesis of MHT are then ordered.
The configuration corresponding to the best fitness is
selected as the solution for that frame, while k best con-
figurations according to their fitness values are kept for
generating new hypotheses of MHT for the next frame.
The computational complexity is O(2¥klog(2Vk)) by
mean of conventional tree sorting implementation in
the MHT. Figure 6 shows a flowchart of the algorithm.

All possible poses at
the current frame {6, (1)}

k-best pose-sequence hypotheses
at frame 1-1, (€}
]

Find k best pose-sequence hypotheses
according to their finesses {6/}

Select the best hypotheses

}

Pose-sequence solution
at the current frame

Fig.6 Flo;wchart of the multiple hypothesis algorithm.
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Our method bears similarity to Howe’s work [6] in
the sense that more temporal information than the pre-
vious frame is used. However, Howe’s method performs
a comprehensive search of all possible pose sequences in
the past few frames, while our method requires a search
of only the k best possible pose sequences in the past
few frames. In addition, Howe’s 3D position configu-
rations per frame are obtained by consulting an image
feature database; thus, the number of configurations
obtained may be different from ours.

4. Experiments

To evaluate the performance of our proposed method,
we tested our approach on both synthesized and real-
world image sequences. We assume that a human
stands vertically parallel to the image plane and not
all of his/her joints lie on a plane parallel to the image
plane, and that all segments extracted from a monocu-
lar view are available in the first frame. To benchmark
the performance of our proposed method, we compare
our approach with both scaled-orthographic 7] and pre-
vious perspective approaches [16]. In all of our exper-
iments, we selected the link between the neck and left
shoulder of the human for the reference distance com-
putation due to its perpendicular angle assumption as
well as the abdomen joint for the root joint due to its
relatively small movements. However, we found (from
our experiments not shown here) that the selection of
other, less stable joints as the root joint only slightly
affected the performance of the result. To evaluate the
performance of reconstruction of 3D articulated body,
3D pose results are scaled to best match and then com-
pared with 3D real world coordinates of the ground-
truth.

4.1 Performance comparison with other approaches

We synthesized four 3D human image sequences in
order to compare our proposed method with both
scaled-orthographic [7] and previous perspective [16]
approaches in terms of accuracy. The 2D projected
joints from those 3D synthesized data are served as the
input in the comparison. The image sequences include
aerobic style activities, which contain 15 frames in each
scene. Attributes of each scene are shown in Table 1.
Since the orthographic method is originally designed for
3D reconstruction from a single image, it is not fair to
perform benchmarking based on tracking results due
to the accumulated errors in the latter frames of the
sequences. Therefore, we exclude solving an ill-posed
problem by selecting the closest configuration to the
ground truth for all candidate algorithms at each frame.

Some ground truth frames of scenes 1-4 are shown
in the first column of Figures 7 (a)-(d). Examples of
results from our approach are shown in the second col-
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Table 1  Attributes of four test image sequences.
Scene Magnitude of At Least One Segment
Perspective Effect  Lies on a Parallel Plane
Scene 1 Weak Yes
Scene 2 Weak No
Scene 3 Strong Yes
Scene 4 Strong No

umn. Similar results from the scaled-orthographic and
previous perspective approaches are presented in the
last two columns, respectively.
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Fig.7 Samples of ground truth and samples of results from
our approach, Taylor and Remondino techniques in (a) scene 1
(b) scene 2 (c) scene 3 and (b) scene 4.

From the experimental results, the averaged per-
joint error distances from the ground truth for our
proposed method, the scaled-orthographic approach (7]
and the previous perspective [16] approach are shown
in Table 2. It can be seen that the results of our ap-
proach are more accurate than other approaches for all
sequences. The scaled-orthographic approach (7] per-
formed very well in the first sequence because the scene
contained a weak perspective effect and relatively sim-
ple poses. For the previous perspective approach [16],
the results were very good and comparable to ours in
scenes 1 and 3; this is because each frame of those se-
quences has at least one segment in a parallel plane.

Note that our approach outperforms the others for se-
quences with both weak and strong perspective effects.

Table 2 Averaged per-joint error distances (in centimeters)
from different approaches.

Scene Our Approach Scaled- Previous
orthographic Perspective
Approach [7]  Approach [16]
Scene 1 0.00 1.60 0.08
Scene 2 0.10 2.34 7.21
Scene 3 0.90 4.25 1.01
Scene 4 0.89 4.92 9.68

4.2 Results on real-world images

In addition, we tested our approach using three real-
world image sequences!. We used the known 2D po-
sition of each joint obtained manually in the image as
input data for our proposed method. The real-word im-
age sequences include walking, ball-throwing and back-
flipping in a Mocap dataset [14] containing 300, 800 and
239 frames, respectively. Some results of the walking,
ball throwing and back flipping scenes from our ap-
proach are shown in Figures 8(a), (b) and (c), respec-
tively. In this experiments, the 1000 best hypotheses
are maintained at each frame by our tracking method.

The results show that the accuracy of our pro-
posed method is very high in all sequences. On av-
erage, the error distance of the walking, ball-throwing
and back-flipping scenes as compared with the corre-
sponding ground truth is 1.25, 1.21 and 1.97 centime-
ters, respectively.

4.3 Performance of 3D tracking with motion-
smoothness function

All trajectories of the left wrist in the walking, ball-
throwing and back-flipping scenes are shown by dot
marker in Figures 9(a), (b) and (c), respectively. It can
be seen that multiple trajectories were obtained. This
complicates the selection of the optimal solution. The
trajectories of the left wrist after applying the joint-
angle-limit constraint are shown by plus marker in Fig-
ures 9(a), (b) and (c), respectively.

It can be seen that our approach shows accurate
results for both simple and strong perspective-effect
cases. Moreover, the ground truth is always found (with
very little uncertainty) within the set of configurations
computed from our reconstruction of the 3D human
pose. MHT can identify the optimal solution for all
images in each image sequence as shown by overlapped
parts between solid lines and square makers in Figures

tSince the sequences do not meet assumptions made by
the other two approaches, the results from those techniques
were very inaccurate and not shown here to save space.
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Fig.8 Some results for the real-world images in (a) walking,
(b) ball throwing and (c) back flip sequences.

9(a), (b) and (c), respectively.

4.4 Robustness against errors in reference distance de-
termination

In this section, we investigated robustness of our ap-
proach due to errors in the reference distance estima-
tion. It is computed in the first frame and used in the
other frames. In our experiment, the reference distance
R is varied between 70% to 130%. The average distance
errors from the corresponding ground truth are shown
in Figure 10. The average distance errors are between
1 to 6 centimeters per joint. By comparing the error
to the human height of approximately 175 centimeters,
the method is rather robust against errors in the refer-
ence distance determination.

4.5 Robustness against noise in 2D data

Additionally, we investigated. robustness of our pro-
posed method on noise in the 2D data. We used synthe-
sized data of 2D joint locations corrupted by a Gaussian
noise. 2D Gaussian distributions with zero mean and
variances 0.5, 1, 1.5, 2, 2.5 and 3 were generated and
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Fig.9 Trajectories of the left wrist after tracking in (a) walk-
ing, (b) ball-throwing and (b) back-flipping sequences.

used in the experiments. The average distance errors
from the corresponding ground truth are 2.15, 3.00,
2.15, 2.98, 3.84 and 3.94 centimeters, respectively. It
can be seen that our approach is robust against varia-
tion in the 2D input data.

5. Conclusions

A novel method is presented to estimate 3D positions of
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Fig.10 Error distance due to errors in difference reference dis-
tance determination
\

an articulated body from 2D point correspondences in
a single uncalibrated image. It is based on the perspec-
tive concept. However, it does not require any cam-
era parameters from the user. Instead, our method
computes a reference distance under a simpler assump-
tion in the first frame. A closed-form solution is pro-
vided for 3D reconstruction. However, multiple con-
figurations are obtained from the method because the
problem is inherently non-uniqueness. An MHT-based
tracking technique is introduced in order to select the
best solution. This method is not only effective but
also very efficient. Our approach was tested on both
synthesized and real-world image sequences, and we
obtained excellent results. Quantitative comparisons
with scaled-orthographic (7] and previous perspective
[16] approaches with respect to accuracy were also per-
formed using image sequences with different degrees
of perspective and pose complexities. Our proposed
method outperformed these other approaches (7], [16],
especially in scenes with strong perspective effects and
various poses that are generally difficult to model.
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